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The beyond-relevance objectives of recommender systems have been drawing more and more attention. For
example, a diversity-enhanced interface has been shown to associate positively with overall levels of user
satisfaction. However, little is known about how users adopt diversity-enhanced interfaces to accomplish
various real-world tasks. In this paper, we present two attempts at creating a visual diversity-enhanced
interface that presents recommendations beyond a simple ranked list. Our goal was to design a recommender
system interface to help users explore the different relevance prospects of recommended items in parallel and
to stress their diversity. Two within-subject user studies in the context of social recommendation at academic
conferences were conducted to compare our visual interfaces. Results from our user study show that the
visual interfaces significantly reduced the exploration efforts required for given tasks and helped users to
perceive the recommendation diversity. We show that the users examined a diverse set of recommended items
while experiencing an improvement in overall user satisfaction. Also, the users’ subjective evaluations show
significant improvement in many user-centric metrics. Experiences are discussed that shed light on avenues
for future interface designs. !
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1 INTRODUCTION

Recommending people within a social system is a challenging task. A traditional approach for
offering recommendations is generating a single ranked list of relevant people that is adapted to
the profile of the user requesting the information. The approach has been shown to be useful for
solving the challenge of social overload, which is caused by the existing huge amount of digital
data and social media content [24, 71]. A social recommender system aims to filter out “irrelevant”
information so users can reduce the efforts of decision making. However, users may look for other
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people for a range of reasons; for example, a conference attendee may wish to re-connect with an
acquaintance, find new friends with similar research interests, or just find someone with whom to
share a ride to the airport. This diversity of information needs makes it difficult to generate a static
ranked social recommendation list that fits all cases [9].

A particular instance in which a single ranked list might not work well is in a parallel hybrid-
recommendation system that fuses several recommendation sources. In this case, different sources
might be preferred for various needs (i.e., social similarity could work best for finding known
friends while content-based similarity could be used to find people with similar interests [9]).
Several authors have argued that the best approach in this situation is to offer users the ability to
control the fusion by choosing the contribution of various algorithms [9, 16] or data sources [5].
Providing a visual interface that makes the process of fusion more transparent - for example, by
showing recommended sources and their overlaps as set diagrams [51, 67] - could further address
this problem. However, the set-based approach that has previously been applied to visualize the
results of controlled source fusion has limited applicability, since it ignores the strength of relevance
within each of the sources (which is a continuous variable). In this paper, we attempt to overcome
the limitations of set-based visual fusion by exploring two visual fusion approaches that reflect the
continuously varying strength of relevance within each source while keeping the fusion process
transparent.

When selecting a visual design for the transparent fusion of recommendation sources, we focused
on better-informing users about the diversity of the recommended results. It has been previously
demonstrated that a proper user interface could promote diversity in information exploration. For
example, a diversity-enhancing interface evaluated in [29] led to higher user satisfaction than
a simple ranked list interface. Several attempts to design a diversity-focused interface using a
dimension reduction technique to present opinion similarity by latent distance have been presented
in [17, 58, 70]. However, the clustering distance was not easily interpreted, and as a result, users
were unable to make personalized judgments. It remains challenging to design a recommender
interface in which the user can both perceive the diversity and be able to control the interface to
filter the recommended items.

The project presented in this paper reports our experience with two different visual recommender
interfaces. First, we proposed a recommender interface that explores the value of a two-dimensional
scatter-plot visualization to present recommendations with several dimensions of relevance. In our
context, the scatter plot interface was used to help users combine different aspects of relevance for
recommended items, while providing inspectability to the users. Second, we proposed a recom-
mender interface that enhances the fusion control function within a ranked list with meaningful
visual encoding for multiple dimensions of relevance. The users can adjust the relevance weightings
to customize the recommendation results, which provides the user with a greater level of control
over their results.

The two interfaces were designed to explore the value of user-controllable and diversity-aware
interfaces in a social recommender system. Each of the interfaces has been evaluated in a con-
trolled field study in the target context. The results show that the new visual interfaces reduce
exploration efforts for a set of realistic tasks, and also make the users more aware of the diversity
of recommended items. Also, the users’ subjective evaluation shows a significant improvement
in many user-centric metrics. We further discussed the effects of the proposed interfaces on the
users’ experience with a diversity-enhanced social recommender system. A sequential analysis
was performed to investigate the user interaction pattern while working with the two proposed
visual recommender interfaces.

The paper offers several contributions: 1) We propose two interfaces that support the continuously
controlled fusion of several relevance aspects with inspectability and controllability. 2) We provide
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evidence that the diversity-aware interface not only helps the user to perceive diversity but also
helps the user to improve usability in the real world beyond simple relevance tasks. 3) We discuss
the user experience effects on proposed interfaces through a structural equation model analysis. 4)
Finally, we examine and contrast user interaction patterns through a sequential mining approach.
We report a set of frequent task-focused “micro patterns” for an in-depth analysis of user behavior.

2 BACKGROUND
2.1 Social Recommendation

Social media is a place to share various kinds of information as well as react to information shared,
by using tags, likes, comments, or votes. The rapid growth of both content and data can be leveraged
to provide accurate item recommendations, but it can also cause information overload, which makes
it harder for users to filter interesting or relevant content [24]. This problem has been addressed
in two different ways, forming two main streams or areas of research on social recommendation.
The first stream focuses on improving the traditional recommender approaches (i.e., ranking-
based collaborative filtering [35]) by using various kinds of social data available in social media
systems such as social links [39], tags [3], or reviews [48]. The second stream focuses on people
recommendations, which aims to reduce social overload on making people-to-people connections.
Within social media, recommendations of “people you may know” [26] or new and interesting
people to follow [25] could remarkably improve access to relevant information. However, the
value of people recommendation is not limited to improving information access. For example, an
online dating service can enable strangers to establish new personal relationships, while academic
recommendation helps to find co-authors and project collaborators [55]. In this paper, we follow
the second stream (people recommendation) and explore it in a primarily academic context.

People might need to connect for different reasons, and each reason might require different
recommender approaches [25]. In this paper, we distinguish three common goals for people recom-
mendation. First, recommending people to connect with: this kind of recommendation provides
suggestions for users to establish mutual connections, which require an agreement from both
parties. Mutual relationships vary in different systems; e.g., a relationship may be a friendship in a
social networking service, professional networking in a job-matching website, or a connection in
an event-based social system. For example, the event-based social system presented in [7], provided
a “make a connection” function for connecting conference attendees and paper authors.

Since not all connections require mutual agreement, an important kind of recommendation is
recommending people to follow. Its goal is to establish a follower-followee relationship between
the users. For instance, on Twitter, a user can follow a friend, politician or movie star, which is a
one-way relationship. The study of [23] attempted the use of a graph-based method to generate the
“following” recommendations on Twitter, which applied random-walk techniques with a follower-
followee network. Dynamic goals make it difficult to have a one-size-fits-all approach to all user
needs. Moreover, relevance-driven goals may not be perceived or appreciated by the users [15].
The beyond-relevance objective is attracting more and more attention.

Finally, people recommendation is not limited to affirm or enforce existing social connections,
but may aim to extend the social network to new connections, e.g., recommending strangers
to the user. This is a useful function in many applications, such as seeking advice from an expert,
finding new collaboration opportunities, or merely to explore new friends. [27] introduced a social
networking service called StrangerRS that attempted to recommend an unknown user within a
corporation. Their approach is to “present” the related information between two parties who may
be potentially interested in connecting with each other. A user interface was designed and deployed
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in a controlled field study. The experiment results showed the interface increases positive feedback
among the recommended strangers.

2.2 Beyond-Relevance Objective

A conventional recommender system focuses on generating recommendations with high accuracy
which is frequently driven by ranking or classification models. A model requires a training phase,
based on collected user data, to recognize the high relevance items to the user. However, focusing
solely on the high relevance items may not be enough to satisfy the various user needs [41]. The
users may not even perceive a state-of-the-art recommender algorithm as useful. [15]. Moreover,
an accuracy-driven RS may tend to deliver a narrow set of recommendation to the user, which is a
well-known over-specification problem that leads to the poor user experience.

The factors of beyond relevance are attracting more and more attention in recent recom-
mender system studies [2, 19, 30]. The literature recognizes four user-centered quality factors:
1) Diversity: generating recommendations that are “diverse” in different aspects. 2) Serendipity:
providing useful recommendations, which go beyond user expectations. 3) Novelty: suggesting
an unknown/new/long-tail item to a user, usually in contrast to the popular items. 4) Coverage:
providing recommendations that cover multiple desired categories.

One way to achieve a better diversity of coverage is a hybrid recommender system that uses
different recommender engines. However, using a hybrid recommender to generate a static ranked
list doesn’t allow for the system to address changing user needs, which creates the challenge of
increasing the system’s controllability, as well as making diversity in the recommendation items
more evident [63]. At the same time, not every user values diversity equally [1]. The level of
diversity-seeking is an existing individual difference. The findings of [43] indicated individual
differences in the information-seeking process and the needs of designing a customized interface to
fit different users. [6] argues for considering a “diverse conception of democracy” when we develop
a diversity-enhancing tool or application. Furthermore, presenting only different information may
not cause users to interact with diverse content. If a user feels threatened by unfamiliar information,
a reinforcing effect may happen to cause users to avoid interacting with various types of content
[17, 40]. Hence, a diversity-aware recommender system should consider item and user diversity,
but not decrease the overall levels of user satisfaction and system usability [59].

2.3 Presenting Recommendation

There are studies tried to enhance the recommendation diversity through exploratory search
interfaces. For instance, [49] introduced an interface for interactive search, which uses overlaying
graphs representing different information sources. The studies [33, 34] proposed interfaces which
can present multi-faceted information on map or touch screen to diversify and explore the generated
recommendations. The studies of [70] adopted dimensional-reduction techniques to project the
multidimensional data in two or three dimensions for the purposes of visualization. SciNet interface
[20, 53] recommends keywords spatially in an interactive visualization to help diversification in
exploratory search in a visualized surface of polar coordinates. In the field of information retrieval,
a similar idea has been discussed to give users the capability in navigating and visualize the search
results in multi-dimensional image renderer [13]. The work of [38] further adopted a 3D item space
visualization for presenting multi-faceted data and user preferences in a movie recommender using
collaborative filtering approach. The users can interactively manipulate the recommended item
through adjusting the “landscape” on the map.

Some previous studies have been conducted to solve issues of recommendation diversity through
interface design. For example, adopting a visual discovery interface can increase the click-through
rate (CTR) across different item categories in an e-commerce website [58]. The user can explore
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new or relevant products without the need for search queries. The key factor of the interface is to
provide the user with the ability to control the filtering of the recommendation contents. [54, 70]
proposed a user-controllable interface for users to interactively change the ranking or feature
weighting for a better-personalized ranking. [68] proposed an interface to “tune” weighting of each
tag genome. [17, 29] proposed interfaces to show the various recommendation results that promote
the users’ perception of the diversity of recommendations. The study of [64] further demonstrated
a more diverse exploration pattern when the user was interacting a two-dimensional interface for
searching social connections.

Many scholars have suggested different explanation functions to increase the inspectability of
recommender system [37]. The function provides the transparency that let users realize how the
system works [28, 60]. The exposure of the recommendation process through visual interfaces
can also increase the inspectability of the system [36]. Many different types of research have been
done on this subject. For example, [65] provides recommendation visualization to increase the
transparency of the recommender system. [67] provides a set-based visualization to let the user
explore the desired recommendation items. Other researchers further indicated that the value of
explaining interfaces could enhance user experiences. The explanation interface was associated with
the perception of recommendation quality [60], gaining trust in the system [10] and experiencing
the competence of the system [69]. The studies of [21, 46, 47] have mentioned that providing a
controllable interface in the social recommender system can increase overall user satisfaction. The
authors adopted interactive graphical interfaces to present the social recommendations that enable
controllability of an item or user-level preference in a collaborative recommender system.

3 FIRST ATTEMPT: SCATTER VIZ

In a hybrid recommendation context with multiple types of relevance, the traditional ranked list
makes it hard for the user to recognize how different relevance aspects are correlated. A typical
example of this situation is recommending other attendees to meet at a research conference. Here
a range of similarity functions (social, past publications, current interest, location) could indicate a
person worth to meet. To help conference attendees in their conference networking, we proposed
a dual social recommender interface, Scatter Viz, which includes a ranked list and visual scatter
plot components. The ranked list was selected as a traditional way of presenting recommended
results in a single dimension, listed from high to low relevance. The scatter plot was chosen as an
intuitive way to present multidimensional data [32] and inspect patterns in large data-sets [12],
as it has been shown that users can accurately judge data similarities between different shapes of
scatter plots [50]. We hoped that the ability to view recommended items in two dimensions could
reveal the overall diversity of results and help to correlate multiple types of relevance among social
recommendations.

3.1 Visual Design

Figure 1 illustrates the design of the dual interface in four sections.

(1) Section A is the scatter plot. The interface presents each item (a conference attendee) as a
circle on the canvas in two selected dimensions. The user can move the mouse over the circle
to highlight the selection.

(2) Section B shows the control panel, with which the user can interact. The user can select the
number of recommendations to display and choose the major feature and the extra feature
to visualize the recommendations on the scatter plot. The major feature is used to rank the
results along the X-axis of the Scatter Plot (Section A) and in the ranked list (section C).
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Fig. 1. The design of Scatter Viz: (A) Scatter Plot; (B) Control Panel; (C) Ranked List; (D) User Profile Page.
The interface supports exploration of recommended items in Section A or C and detail inspection in section
D. The scholar names have been pixelated for privacy protection.

~

~

The extra feature is used to diverse the recommendations in respect to the selected aspect
along the Y-axis (thus spreading the results that have similar values of the major feature but
different values of the extra feature). To further investigate the diversity of the displayed
recommendations, the user can also use another data aspect as a category to color-code the
results. The default category was Smart Balance, which highlights four quadrants of the
displayed data with a 0.5 ratio. Figure 2 presents six sample scatter plot layout combining
“Academic”, “Social”, “Interest” and “Distance” relevance features that are color-coded using
the Smart Balance Category.

Section C is the standard ranked list. More precisely, it is a combination of four ranked lists
produced by four recommender engines, as explained below. To make the four dimensions
more comprehensive, the model normalized relevance scores from 0-1 of each user to the
target user, generated by each recommender engine. All the relevance scores are shown on
the right side of the ranked list. The user can hover over each row to highlight the location
in the scatter plot or click for a more detailed user profile.

Section D presents more detailed information about the person who has been selected in
either the visualization or the ranked list. Among other aspects, four of the six tabs visually
explain how each recommender engine calculates the relevance of the selected user to the
target user. Due to the page limitation, the details of each explanation tabs are omitted. The
design detail of the explanation functions can be found in [65].

The visual encoding affects the way users process the information. Pre-attentive processing let
users absorb and precept the enormous amount of information in a short period [14]. The proposed

interface helps to present the recommendation results in two kinds of visual encoding. First, the
interface displays the recommendation relevance in two dimensions. The visual encoding helps the
user to spot the item in different dimensions. It helps the user to make a decision beyond single or
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Fig. 2. Scatter plot layouts: the layout would adjust, based on the selected Major and Extra features (Section B
in Fig. 1). Here is an example that presents the same recommended items in six dimension combinations: Aca-
demic/Social, Academic/Interest, Academic/Distance, Social/Interest, Social/Distance and Interest/Distance
feature coordinates. The nodes are colored using four equal quadrants that set Category as “Smart Balance”.

combined relevance, which is more realistic in many real-world scenarios. For example, a user may
be interested in a scholar who whose research area is highly relevant to their research and who is
also affiliated with nearby cities. The scatter interface helps to filter a group of recommended items
with the two desired relevance features. Second, the node is color-coded in different categorical
features; for example, in Smart Balance mode, the node is color-coded by the four quadrants
between two dimensions of features. The user can perceive the tendencies of the recommendation
item, based on their coloring, and the user can also update the layout with different Category
features, including the meta-data of the recommended scholar’s title, position, and home country.
In addition, both the node and table row are highlighted synchronously while the user moves over
the recommended items (see example in Figure 1). As a result, the scatter plot interface can be used
for recommended item selection or just as a diversity-oriented recommendation explanation.
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3.2 Personalized Relevance Model

To rank the recommended attendees by their relevance to the target user, the system uses four
separate recommender engines that rank other attendees along four dimensions that we call features:
text similarity of their academic publications, social similarity through the co-authorship network,
similarity of current interests measured as similarity of their bookmarked talks, and the distance of
their place of affiliation to the target user. Each of these features is defined below.

The Academic feature is determined by the degree of publication similarity between two
attendees using cosine similarity [66]. The function is defined as:

SimAcademic(xa y) = (Ux'Uy)/”l)xH”Uy” (1)

where v is term vectors for user x and y. We used tf-idf to create the vector with a term
frequency (¢ f) upper bound of 0.5 and lower bound of 0.01 to eliminate both common and
rarely used terms. The tf-idf function is defined as below.

tf-idf(t,d,D) = tf(t,d) x idf(t,D) (2)
. _ N
ldf(t, D) = ln(m) (3)

where ¢ is the given term in document d, D represents all documents in the corpus, |{d €
D : t € d}| is the number of documents where the term ¢ appears and N is total number of
documents in the corpus.

The Social feature approximates the social similarity between the target and recommended
users by combining co-authorship network distance and common neighbor similarity from
publication data. We adopted the depth-first search (DFS) method to calculate the shortest
path p [57] and common neighborhood (CN) [44] for the number n of coauthors overlapping in
two degrees for user x and y. A longer path (larger p) is presenting less similar co-authorship
network, so we used a constant C = 20 to reverse the weighting.

Simsocial(X, y) =(C —P) +n 4

The Interest feature is determined by the number of co-bookmarked papers and co-
connected authors within the experimental social system [7]. The function is defined as:

Siminterest(X,y) = (bx) N (by) + (cx) N (cy) ®)

where by, b, represent the bookmarked papers of user x and y; cy, ¢, represents the friend
connections of user x and y.

The Distance feature is a measure of geographic distance between attendees. Based on
attendees’ affiliation information, we retrieve longitude and latitude coordinates from Google
Map APL We used the Haversine formula to compute the geographic distance between any
pair of attendees [66]. The formula is defined as:
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- Ay = A
Simpistance(x,y) = 2r arcsin(\/sinz(%) + cos((px)cos((py)sinz(%)) (6)

where r is the radius of the sphere; ¢, and ¢, are latitude of user x and y’s affiliation; 1, and
Ay are longitude of user x and y’s affiliation.

3.3 Diversity Navigation Model

The Personalized Relevance Model determines the combined relevance score for each conference
attendee, i.e., instead of ranking the recommended people using a static ensemble fusion of relevance
aspects, the system allows the user to rank and visualize items using on different aspects of
relevance through our proposed interface. We can measure the user’s selection diversity with two
diversification models.

(1) Feature Diversification: the user can select any two pairs of proposed features and spot
the recommended items from the intersection of their relevance. All of the proposed features
were calculated on a different scale. For example, the distance feature is the physical distance
in miles, while the academic feature is calculated as a percentage. To enable the comparison
of diverse features, we adopted a standard Z-score to normalize all the features to the same
scale, from 0 to 1. The function was defined as:

Xi — Uj
ZScore =

(7)

gj

where x; is the ith recommended item and j represents the corresponding feature with its
average u and variance o. Then, we use a standard Z-table to convert the ZScore to the corre-
sponding percentile p;;. Hence, we can list all the features on the same scale for presentation
in a ranked list and scatter plot diagram.

(2) Category Diversification: it is a model of diversifying the different categories [31]. In the
scatter plot, we color-code the items from different categories, such as title, position, and
country. In the ranked list, we listed the category as one column for a user to access.

(3) Selection Diversity: we can then measure the user selection/exploration diversity, based on
the two diversification models. We observe the user’s interaction with items from different
"quadrants" (feature intersections) [61], such as high academic and high social features, or
high academic and low social features. The extent of diversity is measured by Shannon
Entropy:

4
Entropy : dy, = — Zp,-log4pi (8)
i=1

where p; is the probability for a particular quadrant (feature or category) and the proportion
of all of the user’s selections [42]. Based on the definition, we can measure the diversity in
the different aspects of the relevance dimension. We can compare the combinations of all the
proposed features. For example, in a recommendation system fused with four features. We
can measure the entropy difference among the 4 * (4 — 1) = 12 pair of dimensions.
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4 STUDY 1: RANKED LIST V.S. SCATTER VIZ
4.1 Data and Participants

The recommendations produced by all four engines are mostly based on data collected by the
Conference Navigator 3 (CN3) system [7]. The system has been used to support 38 conferences at
the time of writing this paper and has data on approximately 6,398 articles presented at these con-
ferences; 11,939 authors; 6,500 users (attendees of these conferences); 28,590 bookmarks; and 1,336
social connections. We used the Aminer dataset [56] to mediate the cold-start issue for academic
and social engines that occurs when users have no publications or co-authorship information [62].

A total of 25 participants (13 female) were recruited for the user study. All of the participants
were attendees at the 2017 Intelligent User Interfaces Conference (IUI 2017). Since the primary goal
of our system was to help junior scholars connect with other people in the field, we specifically
selected junior scholars, such as graduate students or research assistants. The participants came
from 15 different countries; their ages ranged from 20 to 50 (M=37, SE=7.07). All of them could
be considered as knowledgeable in the area of the intelligent interface for at least one academic
publication from IUI 2017. To control for any prior experience with the recommender system, we
included a question about in the background questionnaire. The average answer score was (M=3.28,
SE=1.13) on a five-point scale.

4.2 Experiment Design and Procedure

To assess the value of the proposed interface, we compared the dual Scatter Viz interface with the
scatter plot and the ranked list (we will call this condition as SCATTER) with a baseline interface
using only a ranked list (RANK) with Section A (in Figure 1) removed. The study used a within-
subjects design. All participants were asked to use each interface for three following tasks and
to fill out a post-stage questionnaire at the end of their work with each interface. At the end of
the study, participants were asked to compare interfaces regarding their explicit preference. The
order of using interfaces was randomized to control for the effect of ordering. In other words,
half of the participants started the study with the SCATTER interface. To minimize the learning
effect (becoming familiar with data), we used data from two years of the same conference: the
SCATTER interface used papers and attendees from IUI 2017, while the RANK interface used the
corresponding data from IUI 2016.

Participants were given the same three tasks for each interface. The tasks were explicitly designed
as diverse but realistic tasks that could be naturally pursued by attendees at research conferences.

e Task 1: Your Ph.D. adviser has asked you to find four Committee Member candidates for
your dissertation defense. You need to find candidates with expertise close to your research
field while trying to lower their travel cost to your defense.

e Task 2: Your adviser has asked you to meet four attending scholars, preferably from different
regions across the world, who have a close connection to your research group.

e Task 3: You want to find four junior scholars (not yet faculty members) with reasonably
similar interests among the conference attendees to establish networking.

The participants were asked to pick suitable candidates among conference attendees, based on
their best judgment in each task. When designing the tasks, we attempted to make them realistic,
yet focused on multiple aspects of relevance, as many real tasks are. We consider that task 1 is
relevance-oriented and that tasks 2 & 3 are diversity-oriented. For a relevance-oriented task, we
expect to see if the proposed interface helps the user to coordinate different relevance aspects of
the desired target efficiently. In contrast, for the diversity-oriented task, we expect the system to
help to recognize the diversity of recommended items, as compared to the baseline interface.

ACM Transactions on Interactive Intelligent Systems, Vol. 9, No. 4, Article 39. Publication date: March 2010.



Exploring Social Recommendations with Visual Diversity-Promoting Interfaces 39:11

RANK SCATTER
Task Action M (SE) User Count M (SE) User Count

Control Panel 3.88 (2.40) 24 4.12 (2.02) 25
Explanation Tab ~ 34.28 (29.50) 25 7.96 (7.48) 19

T1  Click - Rank 26.28 (29.50) 25 4.92 (6.75) 15 *
Click - Scatter - - 3.04 (5.45) 13 *
Time Spending  345.44 (209.86) 25 389.12 (235.29) 25
Control Panel 2.88 (1.64) 24 2.88 (1.12) 25
Explanation Tab ~ 19.96 (17.47) 25 9.16 (6.28) 25

T2 Click - Rank 16.96 (17.47) 25 2.68 (4.69) 15 g
Click - Scatter - - 3.48 (5.41) 13 *
Time Spending 216.6 (144.95) 25 190.84 (115.33) 25
Control Panel 2.56 (1.04) 24 2.84 (1.10) 25
Explanation Tab ~ 20.08 (20.29) 25 6.4 (7.22) 19

T3 Click - Rank 19.08 (20.29) 25 3.48(7.80) 9 *
Click - Scatter - - 2.92 (2.95) 15 *
Time Spending  345.95 (156.39) 25 369.2 (169.77) 25

Table 1. User action summary of study 1: the table shows the user interaction statistics while performing
each of the three tasks using two interfaces. (Statistical significance level: (*) p < 0.05.)

4.3 Action Analysis

Table 1 shows the system usage for two interfaces. The data indicate that participants extensively
used both the control panel and explanation tabs to complete the tasks. The participants usually
required more actions on the first task to familiarize themselves with the system. There is no
significant difference on the action of change control panel and the click on the explanation tab
between the interfaces in three tasks; although, in the SCATTER interface, the users tended to click
the explanation functions less. The click frequency presented a significant difference between the
two interfaces. This finding is not surprising because the RANK interface lacks the visualization
information that pushes the participant to click more on the user profile page to inspect the
necessary information. It is interesting to see that not every user clicked on the scatter plot. This
data hints that some participants treated the scatter plot visualization as an explanation function
rather than an interactive exploration interface. At the same time, we found no significant difference
in the time spent on the tasks. The data hints that each action taken in the SCATTER interface
delivered more interesting information with which to engage.

It would be valuable to see how the participants adopt the control and explanation functions.
Figure 3 presents the usage of four similarity features and three category features. The red line
shows how frequently the feature was selected as the primary ordering factor. The factor determines
1) the ranking in the RANK interface, and 2) the x-axis layout in the SCATTER interface. The
purple line shows the frequency of its use as the second feature to spread the results along the
y-axis in the SCATTER interface. The blue line is the frequency of feature used as the Category
feature. The chosen category feature creates one additional column in the RANK interface and
updates the color-coding in the SCATTER interface. We can observe the usage pattern between
the three proposed tasks. In task 1, which focuses on finding the 2-category optimum ranking,
the participants most frequently used Academic as the primary ranking feature, diversifying it
by Distance and selecting the Position feature to color-code the results. In diversity-oriented task
2, a number of diversification features were tried with about the same frequency. In task 3 (find
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Fig. 3. The recommendation features usage of Study 1. The red line is the usage of major features, the purple
line is the usage of extra features, and the blue line is the usage of category features.

T1 T2 T3

ScholarViz ScholarViz
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Wi
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Fig. 4. The explanation function usage of Study 1. The light plum color is the usage of the RANK interface,
while the light blue color is the usage of the SCATTER interface.

four junior scholars with similar interests), the Interest feature was most frequently selected as
the primary feature, while Social was the primary diversification approach and Position was the
primary color-coding approach. The pattern was consistent between two interfaces. Overall, this
result shows that the users were quite efficient in selecting the most useful features for each
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task. Figure 4 shows the click frequency on six different explanation tabs. Overall, the users were
most interested with explanations presented in ScholarViz and Publication tabs (which explained
the Social and Academic similarities, respectively). The figure also shows that explanations were
requested more frequently for candidates accessed using the RANK interface.

4.4 User Feedback Analysis

To compare subjective feedback, we analyzed the responses of the post-stage questions using
paired sample t-tests. Figure 5 shows the result of this analysis. We compared the twelve aspects
of subjective feedback from the participants; among them, the SCATTER interface received a
significantly higher rating for six aspects: Trust (Q4), Supportiveness (Q5), Interest (Q6), Satisfaction
(Q8), Intention to Reuse (Q9), and Enjoyable (Q11). In two questions, facilitation (Q7) and the
Reversed Benefit Question (Q12), the SCATTER interface scored higher, but not significantly so.
It is interesting to see that the RANK interface scored a bit higher (though not significantly so)
on explanation usefulness, which hints that the lack of visualization made explanations more
important in the RANK interface. In the final preference test, the SCATTER interface received
much stronger support than the RANK interface in the user preference feedback (Figure 6). Most
importantly, a majority of users (84%) considered the SCATTER interface to be a better system for
recommending attendees and better help in diversity-oriented tasks, as well as a better system for
recommending.

4.5 Selection Diversity Analysis

Table 2 shows the diversity analysis for each task and interface. The result shows the users’ responses
to the tasks with a different pattern of exploration, which caused a variance of diversity and coverage
measurements. All three tasks are shown a least one significance between two interfaces but in
the different aspects of features. For the SCATTER interface, task 1 (relevance-oriented) shows
significance statically on less difference between academic/social & social/interest features, but more
coverage on the title category. Tasks 2 & 3 (diversity-oriented) show higher selection diversity in
the interest/distance and social/distance features, respectively, as well as higher selection coverage
in the title & country category features. The data supports the finding that the SCATTER interface
helped the participants to accurately filter the attendees in the relevance-oriented task, as well as
extend the selection diversity in the diversity-oriented tasks.

Q1 Q2: Q3: Q4: Q5: Q6: Q7: Q8: Q9: Q10: Q11: Qi12:
Feature  Categorical Perceived Trustness Supportiveness Interest  Facilitation Satisfaction Intention Explanation Enjoyable No
Diversity Diversity Dviersity *) *) *) *) to Usefulness *) Real

*) *) Reuse Benefit

*) (Reverse
Question)

Interface I RANKI SCATTER

Fig. 5. User feedback analysis results for Study 1 shows that the SCATTER interface received a significantly
higher rating for six aspects. (A cut-off value was set at 3.5 on the 5 point scale. Statistical significance level:

(*) p < 0.05.)
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Fig. 6. User preference analysis in study 1 (the preferences were collected after the users experienced both
interfaces). The result shows the SCATTER interface was preferred by the users in all aspects.

Task 1 Task 2 Task 3

Dimensions RANK SCATTER p RANK SCATTER P RANK SCATTER

M (SE) M (SE) M (SE) M (SE) M (SE) M (SE)
Academic + Social | 0.14 (0.06) | 0.11 (0.03) | * | 0.14 (0.06) | 0.13 (0.04) 0.14 (0.06) | 0.13 (0.03)
Academic + Interest | 0.16 (0.09) | 0.13 (0.08) 0.14 (0.09) | 0.14 (0.08) 0.12 (0.07) | 0.12 (0.08)
Academic + Distance | 0.13 (0.07) | 0.12 (0.04) 0.12 (0.07) | 0.14 (0.04) 0.14 (0.07) | 0.16 (0.04)
Social + Interest | 0.27 (0.13) | 0.21 (0.09) | * | 0.25(0.13) | 0.24 (0.11) 0.22 (0.12) | 0.22 (0.14)
Social + Distance | 0.27 (0.12) | 0.24 (0.08) 0.26 (0.13) | 0.28(0.10) 0.24 (0.11) | 0.31(0.10)
Interest + Distance | 0.26 (0.13) | 0.25 (0.13) 0.23(0.14) | 0.27(0.13) | - | 0.21(0.14) | 0.23 (0.11)
Title 0.17 (0.12) | 0.22(0.07) | * | 0.17 (0.14) | 0.31 (0.12) | * | 0.17 (0.16) | 0.32 (0.10)
Position 0.26 (0.12) | 0.23 (0.10) 0.29 (0.17) | 0.25 (0.14) 0.19 (0.14) | 0.15 (0.08)
Country 0.49 (0.25) | 0.46 (0.15) 0.46 (0.31) | 0.68(0.26) | * | 0.44 (0.26) | 0.66 (0.26)

Table 2. Diversity analysis for study 1: the table shows selection diversity for three tasks in the feature and
category dimensions. The result shows that the SCATTER interface can help users to explore a more diverse
set of recommendation in diversity-oriented tasks (T2 & T3). (Statistical significance level: (*) p < 0.05; (-) p <
0.1)

4.6 Discussion

In study 1, we evaluated a dual visual interface for recommending attendees at a research conference.
A research conference context introduces several dimensions of attendee relevance, such as social,
academic, interest, and distance similarities. Due to these factors, a traditional ensemble ranked
list makes it difficult to express the diversity of recommended items (attendees). By spreading
rankings over two dimensions, the suggested interface helps users to explore recommendations
and recognize their diversity in several aspects. To assess the visual approach, we conducted a user
study in a real conference environment to compare our interface (SCATTER) with a traditional
ranked list (RANK) in three practical tasks. Our experimental result shows a tangible incremental
impact on the metrics of system usage, efficiency, and diversity.
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We found that the Scatter Viz interface can improve user inspection on recommendations with
multi-relevance, which leads to a higher selection diversity in the given tasks. However, we also
noticed that some of the experiment participants still stick to the familiar ranked list, even when an
enhanced visualization was provided. This finding helps us to realize a user preference on adopting
the interface with lower learning efforts. Besides, the scatter visualization requires additional space
to present, which may not be feasible in many real-world rank-based recommender systems. These
findings lead to our second attempt at extending the ranked list with multi-aspect awareness,
controllability, and diversity-aware designs.

5 SECOND ATTEMPT: RELEVANCE TUNER

The ranked list is widely applied to recommender systems for presenting recommendations to
users. Even in visual recommender systems, a basic ranked list is still essential for user interactions
[51, 63, 67]. A recommender system usually ranks recommended items from high to low relevance,
which may reduce users’ cognitive decision loading [4]. However, as mentioned above, in a context
with multiple relevance aspects, a statically “ensembled” ranked list makes it more difficult for the
user to recognize the impact of different aspects and to adjust the recommendations to different
needs. Moreover, the persuasive design of the ranked list causes users to pay more attention to
items on top of the list [11], which further decrease selection diversity and caused the fitter bubble
effect though narrowing the recommendation selection [45].

As the first study shows, the users were able to properly combine relevance dimensions in a two-
dimensional scatter plot visualization, but that this ability came with a steep learning curve. Despite
benefits offered by the Scatter Plot, the more familiar Ranked List component was used more heavily.
In our second attempt, we explored a novel interface that allowed users to explore multiple aspects
of relevance within the familiar ranked list extended with a controllable tuner and stackable color
bars. We proposed the Relevance Tuner - a visual interface with user-driven control function
and meaningful visual encoding. This design expanded the ranked list representation with an
ability to visualize and control multiple aspects of item relevance, which is especially important
for diversity-oriented tasks. The rank-based design reduces the user’s learning efforts in getting
familiar with the interface.

The design is inspired by several previous research works. Ekstrand et al. [16] argued for the
need to use multiple recommendation algorithms within a single system. Their approach is to let
users choose the algorithm based on specific information needs. For instance, the content-based
method performs better on exploring new friend while the collaborative-filtering approach is
out-performed others on re-connecting old friends [9]. A social recommender system that supports
multiple information needs should be controllable. In many real-world scenarios, the user might
need to fuse multiple methods or data sources to fulfill their information needs. For example, a
controllable slider has been adopted for fusing and filtering different recommendation features,
i.e., information sources, algorithms, user tags and keywords [5, 14, 51, 68]. Various kinds of
stackable bars were suggested to visualize sources of algorithms that used to support a specific
recommendation [8, 14, 51]. When designing Relevance Tuner, we intend to support source
fusion with a set of relevance sliders and proportional stackable bars. The design of the Relevance
Tuner is shown in Figure 7.

(1) Section A contains five controllable sliders with the different colors representing the fea-
tures of the Personalized Relevance Model. The scale of the slider ranges from 0 to 10. The
user can change the weighting (W) on the fly to re-rank the ranked list below. It provides
controllability for the user to adjust the ranking to different recommendation needs and
preferences. The interface also adds one new feature: Social Context. This feature computes
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Fig. 7. The design of the Relevance Tuner: (a) Relevance Sliders; (B) Stackable Score Bar; (C) User Profiles. The
interface enables the user to adjust the feature weighting on-the-fly for retrieving a customized recommen-
dation list. The user can examine the relevant aspects of the recommended item through the multicolored
score bar. (The Name and Affiliation entities have been pixelated for privacy protection.)

the Google search result based on the scholar’s name and affiliation information; that is, the
text similarity of the homepage and other related search results.

(2) Section B shows the stackable relevance score bar for each recommended item in the ranked
list. A stackable color bar interface is known for its ability to enhance controllability and
transparency in a multi-aspect ranking [14]. In our system, the stackable color bars help the
user to perceive how different relevance aspects of a recommended item are combined while
adding transparency to the multi-aspect recommendation process. Each colored segment in
the bar corresponds to one of the relevance aspects indicated by its color, which corresponds
to one the sliders in section A. The length of the segment can vary between 0 and 20 and is
determined by both, item relevance within this aspect (feature similarity) and the importance
of this aspect (weight) selected by the user by adjusting sliders. The relevance score (R) is
defined as:

fij

Rij = Round(( '
max;

W.
% 10) ?’) ©9)

where f;; is the ith recommended item’s feature similarity for the aspect j, max; is the local
maximum value of j, and W; represents the current slider weight for j. We use the weight-

ing percentage (%, ranged from 0 to 2) to convert the normalized feature similarity score
(L

man

* 10, ranged from 0 to 10) to the corresponding relevance score (R;;, ranged from 0
to 20). For example, in Figure 7, the top-ranked recommendation’s Normalized Publication
Similarity Score is 10. If a user changes the Publication Similarity slider weight (W) to 8, then
the relevance score would be 10 = % = 16. The second recommendation’s relevance score
would be 9 g = 14.4. We will get the final relevance score as 15 after the roundup function.
All relevance scores in each row will be updated, the entire list will be re-ranked by the sum

of five relevance scores.
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(3) Section C shows the recommended scholar’s meta-data, including name, social connection,
affiliation, position, title, and country. The user can sort the ranked list by clicking the head of
each column, or can inspect the explanation tabs (same as Section C in Figure 1) by clicking
the name entities.

6 STUDY 2: SCATTER VIZ V.S. RELEVANCE TUNER
6.1 Data and Participants

Study 2 was conducted through the Conference Navigator 3 (CN3) system. The data was extended
from Study 1 to a new conference: the 25th Conference on User Modeling, Adaptation, and Personal-
ization (UMAP 2017). A total of 20 participants (7 female) were recruited for the user study. All of the
participants were attendees at the UMAP 2017 conference. They were from 15 different countries;
their ages ranged from 20 to 40 (M=31.19, SE=4.97). All of them had at least one publication from
UMAP 2017. The background knowledge of recommender systems score was (M=3.85, SE=0.79) on
a five-point scale.

6.2 Experiment Design and Procedure

In Study 2, we compared the interface of the ranked list plus the relevance tuner (TUNER) with
a baseline of the scatter plot plus ranked list (SCATTER). The experiment design and procedure
repeat the setting of Study 1. We manipulated the new proposed interface and adapted data from
different conferences: the SCATTER interface used papers and attendees from UMAP 2017, while
the TUNER interface used the same data from UMAP 2016, to minimize the learning effect between
the two manipulations.

6.3 Action Analysis

Table 3 shows the system usage for the two interfaces of Study 2. In TUNER interface, the control
panel usage is defined as each time the user moves the sliders. The data supports the users interacting
more frequently (it shows significance in all three tasks) with the control panel in TUNER than in
SCATTER. Conversely, the users clicked more on explanation tabs in SCATTER than in TUNER.
The data implies that the information listed on the table was sufficient for the users to inspect and
make decisions in three proposed tasks. In task 1, the SCATTER has a significantly higher clicking
frequency and longer time spent (not significant) than the TUNER interface. The same pattern
repeats in task 2 & 3, which shows that the users took more time to get familiar with the SCATTER
interface. The users were gaining familiar with the TUNER interface more rapidly than with the
SCATTER interface.

The analysis of control and explanation function usage is reported in Figures 8 & 9 and 10. Figure
8 shows the re-weighting frequency of the TUNER interface. The red line is the usage of Tuner
sliders, and the blue line is the average feature score selected by the user during re-tuning. The
data indicates that the user tends to interact with the sliders more in the beginning (task1), but
interacts less in a later task (2 & 3). However, the overall amount of manipulation with features
was remarkably higher for TUNER than SCATTER (Figure 9) for all tasks. The average weighting
scores for TUNER show only a very slight association with the nature of the task at hand; that
is, all features were potentially useful to filter the recommendation result in both relevance and
diversity-oriented tasks. In contrast, the relatively rare use of SCATTER features (Figure 9) showed
a consistent pattern with Study 1 - the users selected the recommendation features based on the
tasks’ requirement. The comparative use of explanations shown in Figure 10 is also consistent with
Study 1 showing that the main demand was for socialviz and publication tabs. At the same time,
it is interesting to observe that users in the TUNER group requested explanation less frequently
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TUNER SCATTER
Task Action M (SE) User Count M (SE) User Count
Control Panel 38.4 (37.71) 20 2.85(2.23) 18
T Explanation Tab ~ 9.35 (8.28) 20 22.95 (23.71) 20 *
. _Click - Rank 5.05 (2.45) 20 9.8 (8.43) 17 *
Click - Scatter - - 4.1 (6.03) 11
Time Spending 357 (289.04) 20 537 (596.98) 20
Control Panel 15.2 (13.63) 19 2(1.71) 17 *
T Explanation Tab 6.5 (8.74) 20 8.45 (6.79) 20
, _Click-Rank 43(1.21) 20 5.2 (3.76) 18
Click - Scatter - - 1.8 (2.94) 8 *
Time Spending 201 (235.43) 20 294 (470.78) 20
Control Panel 12.2 (11.67) 17 2.25 (1.80) 19 *
T Explanation Tab ~ 9.25 (8.75) 20 12.9 (14.38) 20
, _Click-Rank 5.15 (2.51) 20 10.2 (16.93) 17
Click - Scatter - - 2.05 (3.13) 10 *
Time Spending 153 (92.28) 20 285 (470.78) 20

Table 3. User action summary of study 2: the table shows the statistics of user interaction while solving each
of the three tasks using each interface. (Statistical significance level: (*) p < 0.05.)

T1 T2 T3

Academic

Academic Academic

Interest Distance Interest Distance

Interest Distance

— TunerUsage  ----- o----- Tuner Weighting Average

Fig. 8. The relevance slider usage of Study 2. The red line is the tuner usage, while the blue line is the average
weighting score of the overall re-tuning.

than the SCATTER group, as through a regular TUNER interface provided more information for
decision making than the SCATTER interface. However, we also observed that the TUNER users
took less time to finish the tasks, as compared to those using the SCATTER interface.

6.4 User Feedback Analysis

Figure 11 shows the analysis of the post-stage survey. The high rating in both interfaces shows the
positive user acceptance in Study 2 (no significance on all the factors). However, the user tends to
favor the TUNER interface when considering the factors of Supportiveness (Q5), Interest (Q6), Facil-
itation (Q7), Satisfaction (Q8), Intend to Reuse (Q9), and Usefulness (Q10). The SCATTER interface
performs better on the measures of Trustiness (Q4) and Enjoyable (Q11). This result supports the
users in favor of rank-based list more than the visual-based interface, but the visualization shows
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Fig. 9. The scatter plot features the usage of Study 2. The red line is the usage of major features, the purple
line is the usage of extra features, and the blue line is the usage of category features.
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Fig. 10. The explanation function usage of Study 2. The light plum color is the usage of RANK interface, while
the light blue color is the usage of SCATTER interface.

an increased level of usability on gaining trust and enjoyment in using the interface. Surprisingly,
the feedback also indicates that the TUNER interface would be better for the user to fulfill the
task on the feature diversity (Q1) and category diversity (Q2), but that the SCATTER interface is
outperformed on the ability to Perceive Diversity (Q3).

This result shows that a user tends to use the ranked list with better controllability and trans-
parency to conduct diversity-oriented tasks. The scatter visualization would play the role of helping
the users to perceive diversity in multiple areas of relevance. The final preference result in Figure
12 also confirms this conclusion. About half of the users select the TUNER interface as the one
with an advantage at helping to explore diversity, providing more informative information, being
more useful, and fitting their preference - but the users also agree that the SCATTER interface
could better help to perceive diversity after they finished the three tasks on two interfaces.

6.5 Diversity Analysis

Table 4 shows the diversity analysis of Study 2. In task 1 (relevance-oriented), there is no significant
difference between the two interfaces on the diversity measurement, showing both of the interfaces
can support the user to fulfill a relevance-oriented task. However, in the diversity-oriented tasks
2&3, we found the TUNER group could achieve higher entropy than the SCATTER group. This
finding hints that even with a ranked-list interface the user can achieve a reasonable level of
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Fig. 11. User feedback analysis results for study 2: we did not find significant difference in all aspects, which
indicates that the usability of two interfaces was comparable. (A cut-off value was set at 3.5 on the 5 point
scale. Statistical significance level: (*) p < 0.05.)
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Fig. 12. User preferences for study 2 collected after the users experienced both interfaces. The result shows
that the TUNER interface was preferred by users in all aspects except perceived diversity.

selection diversity if controllability and transparency for each considered dimension of relevance
are available. At the same time, the SCATTER interface performed slightly (but not significantly)
better than the TUNER interface in the category diversity metrics. This finding helps to highlight
the value of color-coding data in the SCATTER interface, a feature not supported by TUNER. The
diversity analysis of Social Context is omitted due to the page limitation.

6.6 Discussion

In Study 2, we presented a new rank-based interface for recommender attendees at a research
conference. A total of five dimensions of relevance were proposed from the Personalized Relevance
Model. We conducted a user study in a real conference environment to compare the two interfaces
of an enhanced ranked list (TUNER) and the visualization interface (SCATTER). Our experimental
results suggested the different suitable scenarios for the two interfaces. We found that, even in
diversity tasks with multi-relevance settings, the users were still able to fulfill the diversity task
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Task 1 Task 2 Task 3

Dimensions TUNER SCATTER p TUNER SCATTER p TUNER SCATTER

M (SE) M (SE) M (SE) M (SE) M (SE) M (SE)
Academic + Social | 0.12 (0.05) | 0.12 (0.05) 0.15 (0.02) | 0.12(0.04) | * | 0.16 (0.03) | 0.13 (0.05)
Academic + Interest | 0.17 (0.10) | 0.16 (0.07) 0.17 (0.07) | 0.13(0.07) | * | 0.14 (0.07) | 0.14 (0.06)
Academic + Distance | 0.13 (0.06) | 0.12 (0.04) 0.16 (0.06) | 0.12(0.05) | * | 0.17 (0.05) | 0.14 (0.05)
Social + Interest | 0.23 (0.11) | 0.23 (0.10) 0.25 (0.07) | 0.19(0.08) | * | 0.32(0.09) | 0.26 (0.16)
Social + Distance | 0.23 (0.10) | 0.22 (0.09) 0.28(0.07) | 0.22(0.10) | * | 0.32 (0.08) | 0.26 (0.09)
Interest + Distance | 0.24 (0.16) | 0.29 (0.12) 0.31(0.15) | 0.24 (0.13) | * | 0.28 (0.12) | 0.26 (0.13)
Title 0.12 (0.04) | 0.16 (0.13) 0.15 (0.02) | 0.17 (0.12) 0.15 (0.02) | 0.14 (0.05)
Position 0.29 (0.15) | 0.27 (0.12) 0.28 (0.12) | 0.32(0.15) 0.16 (0.07) | 0.22 (0.16)
Country 0.35(0.20) | 0.57 (0.29) | * | 0.41 (0.24) | 0.58 (0.22) | * | 0.48 (0.19) | 0.54 (0.32)

Table 4. Diversity analysis for study 2: the table shows selection diversity for three tasks for each feature
combination and category dimensions. The result indicates that the TUNER interface enabled users to explore
a more diverse set of recommendation in diversity-oriented tasks T2 & T3. (Statistical significance level: (*) p
<0.05.)

with a rank-based interface, but it required the support of interface controllability and transparency
through visual encoding. Besides, while we found that the user would better perceive the diversity
in the SCATTER interface, the user would prefer to adopt the TUNER interface to fulfill the diversity
tasks.

Furthermore, when the user was interacting with the TUNER interface, the user spends more time
inspecting the information on each row, instead of checking the explanation functions. This result
shows that the higher level of diversity exploration was not triggered by the diversity-enhanced
visualization or explanation (fewer clicks on the explanation tabs), but was instead contributed
by the intention of the user reaction to the simulated diversity-oriented tasks. In the SCATTER
interface, the user relies more on the explanation function and multi-relevance visualization to
explore diversity-oriented tasks. Although the result showed lower entropy measurement when
the user adapted to the SCATTER interface, the SCATTER interface can better help the user to
perceive the diversity among multiple-relevance dimensions, based on the user feedback analysis
through post-study questionnaires.

7 USER-CENTRIC EVALUATION

To better understand the mediation effects across the two interfaces, we conducted a structural
equation model (SEM) analysis [36] to inspect the effects of the proposed interfaces on the user
experiences. We used the logged data and questionnaire feedback from the two studies. There are
two conditions and five summarized factors in the model (as shown in Figure 13). In objective system
aspects (OSA), there are two manipulations based on the proposed interfaces. In subjective system
aspects (SSA) and user experience (EXP), we proposed four factors based on the classification by [52]
and our post-experiment questions. In interaction (INT), we listed the entropy of the participant’s
selection diversity (average of Task 2&3 that shown in Table 2 and 4). The model fit the statistics of
)(2(96) = 234.68,p < 0.01, RMSEA = 0.18, 90%CI : [0.152,0.211], CFI = 0.941, TLI = 0.922.

The model shows that the two manipulations have different positive effects on the system. The
TUNER condition has a positive effect on the Perceived Usefulness and Perceived Diversity factors.
It supports providing controllability and transparency on the ranked list, which helps the users
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Objective System Subjective System User Experience
Aspects(OSA) Aspects (SSA) (EXP)
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Fig. 13. The structural equation model of the experiments. The number (thickness) on the arrows represents
the f coefficients and standard error of the effect. Significance: *** p < 0.01, ** p < 0.05, * p < 0.1.

to perceive the variety of recommendation results and increase the overall usefulness rating. The
SCATTER condition only affects the Trust factor, which supports the argument for providing
multi-relevance visualization to help the user to gain trust in the interface, but not mediates to
the ratings of satisfaction or usefulness. We also found the effect between Interface Adequacy and
Perceived Diversity, which supports a better design interface that helps the user to perceive the
recommendation diversity. Furthermore, a positive impact on Interface Adequacy to Perceived
Usefulness implied that the usefulness is contributed by the rating of the interface design. The
Entropy value mediates the additional effect of the two interfaces. We found that the Entropy
factor has a positive impact on Interface Adequacy and Trust; that is, the users who can achieve
higher selection diversity through the given interfaces gain more trust and interface adequacy
ratings in the system. This finding explains why the rank-based interface, with a lower learning
curve, is preferred by the participants on the proposed tasks. In other words, it also supports the
multi-relevance visualization that is appreciated by the users only when they are capable of taking
full advantage of the interface.

8 USAGE ANALYSIS

The experimental systems logged interface-level actions that users perform throughout browser-
based exploration such as updating control panel, viewing explanation tab, inspect social recommen-
dation. To offer a deeper understanding of user work with the explored interfaces we performed a
fine-grained usage analysis using a sequence mining approach. Our goal was to discover frequent us-
age patterns and compare them 1) between three study tasks with relevance and diversity-oriented
goals and 2) between groups of the user who reported different interfaces in on post-experiment
questionnaire.

8.1 Determining Micro Patterns for the Task-solving Behavior

We adopt the differential sequence-minding approach explained in [22]. The idea is to build compact
characteristics of the problem-solving behavior of a user or a group on the level of micro-patterns.
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SCATTER TUNER

Pattern | Supp. Pattern | Supp. Pattern | Supp. Pattern | Supp.
1| TV [100% | 16| VQF | 75% 1 | QHHH | 100% | 16 | QH | 100%
2 QF 95% | 17 ATA 75% 2 HT 100% | 17 uv 100%
3 VT 90% | 18 FY 75% 3 VTU 100% | 18 | UVT 95%
4| VQ 90% | 19 | TVQF | 75% 4 | HTU | 100% | 19 | TUVT | 95%
5 VA 90% | 20 AV 75% 5 HHT 100% | 20 | TUT 95%
6 | TVQ 90% | 21| ATV 75% 6 | HHHT | 100% | 21 VO 90%
7 TVA 90% | 22 AA 70% 7 | HHTU | 100% | 22 | VQH 90%
8 TA 90% |23 | TTT 70% 8 TUV 100% | 23 | VQHH | 90%
9 AT 90% | 24 YT 70% 9 QHH | 100% | 24 vV 80%
10 TAT 85% | 25 AVT 70% 10 UT 100% | 25 | UVTU | 75%
11 TF 85% | 26 FF 70% 11 TU 100% | 26 | UTV 75%
12 TT 85% | 27| ATVA | 70% 12 | HHHH | 100% | 27 \'A% 75%
13 | TVAT 85% |28 | ATT 70% 13| HHH | 100% | 28 | UTU 75%
14 FAT 80% | 29 | ATAT 65% 14 VT 100% | 29 HV 70%
15 FA 80% | 30| TTV 65% 15 HH 100% | 30 | VIUV | 70%

Table 5. Top 30 task-solving micro patterns, ranked by support rate (the percentage of how many sequences
contain the pattern). The meaning of each label is described as below. 1) Applicable in both groups: Q=starting
a task; V=voting on the preferred recommendation; T=exploring an explanation tab. 2) Applicable in the
SCATTER group: F=changing the control panel; Y=click on scatter plot; A=click on the ranked list. 3) Applicable
in the TUNER group: H=changing the relevance slider; U=click on the ranked list.

2.0
1.5+
2 Group
2 SCATTER
c 4
S L0 %TUNER
0.5
0.01

0.25 0.50 0.75 1.00

Fig. 14. Density distribution for the micro pattern support rate. Both of the distributions are right-skewed,
stressing that the majority of patterns were rarely used. In the TUNER group, there are more “common”
patterns that were adopted by all experiment participants. In the SCATTER group, the pattern diversity is
higher.

These problem-solving patterns uncover how a user leverages application functions to solve the
given search problems. In this section, we defined the “problem” as the proposed search “task”
that we asked the study participants to finish. Three proposed tasks contribute to three click
sequences. Our goal was to find frequent micro-patterns and then build a task-solving pattern
vector to represent the frequencies of different micro-pattern occurrences in each task.
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There are different click actions in the two proposed interfaces. In SCATTER, the user can make
selections on the control panel and click on two-dimension scatter plot, ranked list, explanation tabs
and the voting function (to select the preferred recommendation). In TUNER, the user can move
relevance sliders and click on a ranked list, explanation tabs and the voting function. Each click
action is assigned to a label. We perform the SPIRIT algorithm (Sequential Pattern mIning with
Regular expression consTraints) for mining frequent sequential patterns [18]. Given a sequence
database D = s1, 52, ..., sn, the support (supp) of a pattern « is the proportion of sequences of D
that contains « as a sub-sequence at least once. We consider a pattern to be a frequent pattern if
its support is larger than the threshold. In this paper, we set a minimum support rate of 10% to
guarantee that at least two experiment participants would repeat the same pattern. Note that the
larger support rate does not indicate multiple occurrences of the pattern within a sequence since
we only consider whether the pattern exists in one sequence.

We are interested in looking at pattern lengths of 2, 3 and 4. After running the whole sequence
mining for combined user-task sequences, we discovered 225 patterns in the SCATTER group and
172 patterns in the TUNER group. All of the patterns were performed by at least two experiment
participants (@ > 10%). The top 30 patterns and their corresponding support can be seen in Table
5. For instance, in the SCATTER group, we found “TV” pattern (click on one explanation tab and
then vote for a social recommendation) happens in all sequences (supp = 100%). In the TUNER
group, we found 17 patterns adopted by all participant while exploring the interface. The “OHHH”
pattern, for example, represents the user adjusting the relevance sliders three times in a row (“H”)
right after the task start, as indicated by (“Q”).

We can see a clear difference between the two pattern distributions. In SCATTER, there is only
one pattern supported by all participants. However, in TUNER, there are 17 patterns that occur
in all sequences. This finding hints that usage patterns in SCATTER are more diverse than those
in TUNER (i.e., it is used in considerably different ways by different users and in different tasks).
The likely reason for that is that the SCATTER interface provides more interface components
while also being less familiar to the users. To further investigate the difference, we plot the pattern
density distribution of the two interfaces (Figure 14). We found that the density distribution is
right-skewed, which means there are many “non-common” patterns that only occurred in a few
sequences. However, there are more “common” patterns that are supported by the majority of users
and fewer rare patterns in TUNER group. That is, task-solving approaches were more consistent in
the TUNER interface.

8.2 Comparing Task-level Micro-Pattern Distributions

We analyze the task-solving pattern vectors between the three proposed tasks and across two
preference groups. We used the data from study 2, which contains 20 participants (see section
6 for details). We represented participants’ system logged data as 20 sequences; each sequence
consists of three task sub-sequences. Our first pattern analysis is assessing the difference between
tasks. In other words, we are interested if the problem-solving micro pattern is stable across
tasks? To understand how the assigned task impacts pattern frequencies, we analyze the pattern
frequency distribution distance between the experimental tasks (sub-sequences). Following [22],
we defined a pattern frequency distribution for a task or a group of users as a vector, where each
frequent micro pattern (such as shown in Table 5) is represented by the frequency of its occurrence
within sequences associated with a specific task or a specific group of users.

We use the Jenson-Shannon (JS) divergence to calculate the distance between pattern frequency
distributions of the tasks [22]. If users approach different tasks in significantly different ways, we
would expect to see that the task-level frequency distributions should significantly differ from
the mixture of all tasks and each other. In contrast, if there is no task effect, then the task-level
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SCATTER TUNER
Pair M SE M SE
ALL vs. Task 1 | 0.0390 | 0.0199 | 0.0470 | 0.0293
ALL vs. Task 2 | 0.0998 | 0.0570 | 0.0590 | 0.0337
ALL vs. Task 3 | 0.0596 | 0.0283 | 0.0702 | 0.0463
Task 1 vs. Task 2 | 0.0525 | 0.0399 | 0.0555 | 0.0446
Task 1 vs. Task 3 | 0.0549 | 0.0313 | 0.0562 | 0.0519
Task 2 vs. Task 3 | 0.0608 | 0.0449 | 0.0365 | 0.0410

Table 6. Mean and standard error of distances between task sub-sequences and overall sequence. The vector
distance between all sequences and task 1 is significantly different in the case of task 2 & 3.

patterns should not show a significant difference. The calculated distances between sequences and
sub-sequences are reported in Table 6. The normality and homogeneity of the variance on pair
distances are not met; thus, a non-parametric test is applied. A Mann-Whitney test is performed to
test differences among the paired distances.

We found, in both groups, the task 1 sub-sequence is closer to the overall sequence. The task 2 &
3 subsequences are farther from the overall sequence in both interfaces. In other words, the patterns
of user work for tasks 2 & 3 were more specific (unique) than for task 1. In the SCATTER group,
we also found the distance of the task 1 sub-sequence (versus overall sequences) was significantly
different than that of task 2 (V = 12, p < 0.001) and task 3 (V = 43, p = 0.0192). The distance
between tasks 2 & 3 also shows significance (V = 48, p = 0.0327). It means that the users approached
all three tasks in considerably different ways. In the TUNER group, only the distance between task
1 and task 3 was significant (V = 48, p = 0.0327). It shows that from the interface prospect, the
users approached tasks in more similar ways. In particular, the pattern frequencies between task 2
& 3 were most similar, which could be caused by their common diversity focus or position in a
sequence (more experience gained).

The result indicates that the nature of the task considerably impacts the task-solving micro-
patterns. There are two possible speculations about this finding. First, the effect of experience: in
task 1, the experiment participants usually took time to get familiar with the interface. Hence,
the pattern of the first task might be different than the other two tasks, simply because of its
position in the sequence. Second, task difference: task 1 is relevance-oriented and tasks 2 & 3 are
diversity-oriented. The task effect might cause the users to adopt a different behavioral pattern
in fulfilling the tasks. The finding encourages further analysis of micro-behavior patterns - in
exploring the user behavior patterns to determine where the differences between tasks and user
groups really occur.

8.3 Exploring the Task-solving Micro Patterns

In this section, we plan to compare frequently found patterns between tasks. The goal is to find
pattern level differences between tasks. The top 50 micro-patterns of the SCATTER and TUNER
interfaces, split by tasks, are shown in Figure 15 and 18, respectively. We also want to explore
the extent to which frequent patterns exhibited by a user might be determined by the individual
differences, rather than the nature of the task. To assess this hypothesis, we divided the participants
into two clusters, based on their post-experiment preference of the two interfaces. As shown in
Figure 12 (the question of “Preferred Interface”), users were almost equally divided into two large
groups, with one preferring SCATTER and one preferring TUNER. We considered user preference
to be the most valuable registered between-user difference that could affect user behavior patterns.
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Fig. 15. (SCATTER) The distribution of the top 50 micro patterns, ordered by support rate (from high to low).
The frequency is refereed to multiple occurrences of a pattern within a sub-sequence (task).

Based on the user’s answer, we further split the users into “ScatterP” and “TunerP” clusters, and
excluded two participants who preferred both or neither of the interfaces.

e Pattern Analysis: SCATTER

Figure 15 shows the micro-pattern frequency distribution across the three tasks performed with
the SCATTER interface. As in the previous section, the difference between tasks was significant,
and as the distribution shows, the explanation tabs are extensively adopted in three tasks. The
most frequent “AT” patterns represent users clicking on a recommended person and inspecting an
explanation. The patterns also show that multiple explanation tabs are frequently accessed in a
sequence, e.g., “TT” (second most frequent pattern), “TTT”, “ATT”, “TTA”, “TTAT” and “TTTT”. A
between-task comparison focused on the largest frequency differences between tasks (Figure 16(a))
shows that the “T”-based pattern occurs more frequently in the first task. Among other differences,
the most surprising is that the users seemed to click more often on the ranked-list part of the
interface in task 2 & 3, e.g,., “AA”, “AV” and “VA” (shown in Figure 16(b)). These patterns indicate
that users most frequently explore recommendations through the ranked list when working with
these tasks. This looks counter-intuitive since we expected that the scatter plot part should be
more helpful for these diversity-oriented tasks. We hypothesized that at least some users were not
sufficiently confident with using the scatter plot for complex tasks.

To examine whether the use of ranked list vs. scatter plot was different across users, we formed
two participant clusters - “scatter preferred” (ScatterP) or “tuner preferred” (TunerP) based on
self-reported post-study preferences. When comparing frequency distributions between these
clusters, we found that the ScatterP cluster used the scatter plot more heavily for exploring recom-
mendations, as indicated by a considerably higher frequency on “YT” and “TY” patterns (shown
in Figure 17(a)) corresponding to accessing user details and explanations through the scatter plot.
On the other hand, the participants who preferred the TUNER interface used the ranked list more
frequently for exploration, as indicated by higher frequency of “AA”, “AT”, “TA” patterns (shown in
17(b)), which correspond to accessing user details and explanations through the ranked list. This
finding suggests that there is a behavior difference that correlates with participants’ preferences.
The source of this difference could be participants’ past experiences or individual differences (such
as spatial abilities). Some participants were better prepared to use the scatter plot or could better
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(a) Requesting Explanation (b) the Click Rate

0.06

—

o
o
=
o
o
@
H

o
o
N}

Frequency
Frequency
Q\
F

— = 0.01
k3 1 1
0.00 I I I I I i | | |
ATT TT TTA  TTAT TTT TTTT AA AV VA
Task - Task 1 - Task 2 < Task 3 Task - Task 1 - Task 2 - Task 3

Fig. 16. (SCATTER) Highlighted task-solving micro patterns between tasks. Figure (a) shows the patterns of
checking on explanation functions, while Figure (b) shows the action of clicking on the ranked list.
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Fig. 17. (SCATTER) Highlighted task-solving micro patterns between clusters. Figure (a) shows the action of
clicking on scatter plot, while Figure (b) shows the action of clicking on the ranked list and explanations.

leverage its functions due to their abilities. These participants used the scatter plot more heavily,
and at the end, reported higher satisfaction with this interface. If this was not the case, then a
ranked list was adopted to fulfill the tasks, regardless of the task’s nature.

e Pattern Analysis: TUNER

Figure 18 shows micro-pattern distribution across the three tasks solved through the TUNER
interface. As the preliminary distance analysis demonstrated, the pattern distribution of task 1 is
different from the other two tasks. We found that the most visible difference is in changing the
relevance sliders; e.g., the “HH”, “HHH” and “HHHH” patterns, which are the dominant pattern
in all three tasks. A higher tuning rate was identified in the first task (shown in Figure 19(a)),
which means that the users re-tune the social recommendation more in the beginning phase, likely
during the process of getting familiar with the interface. On the other hand, we found that the
users requested more explanations in tasks 2 & 3. For example, the “TT”, “TUV”, “VTU”, “TUT” and
“UTU” patterns occur more frequently in the diversity-oriented tasks. The other interesting finding
is an substantial use of “sequential voting” patterns in tasks 2 & 3, i.e., “VV” and “UVV” and “VVT”
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Fig. 18. The distribution of the top 50 micro-patterns in the Tuner group. The micro-patterns are ordered
by support rate (from high to low). The frequency is refereed to multiple occurrences of a pattern within a
sub-sequence (task).

(shown in Figure 19(b)). These patterns are unusual since it takes at least two steps to perform
another voting in the TUNER interface. To vote for a relevant candidate. The user is required to 1)
click on a recommended participant (opening a new tab with participant details in the browser), 2)
click on the “vote” button in this tab to place a vote. As we observed during the study, sequential
“V” patterns appear because users tend to keep multiple user detail tabs open in the web browser.
They did not vote a selected social recommendation right after clicking. Instead, they kept the user
details tab open and kept opening tabs with details of other recommended users. Once a good set
of people is identified (and probably compared), users voted for multiple people in a sequence. The
fact that this pattern occurred much more frequently in tasks 2 & 3 could be explained by two
factors. First, the ability to compare users in multiple tabs could be gradually learned as the user
gets familiar with the interface. Second, the diverse nature of the second and third tasks produced
a much higher need to directly compare two or more candidates to ensure sufficient diversity of
the final selections.

To explore possible behavior difference between user clusters with different post-experiment
interface preferences, we compared micro-pattern frequences between clusters ScatterP and TunerP.
We found the users who preferred TUNER interface showed a higher frequency of interacting the
relevance sliders (patterns including “H”). The analysis shows that the TunerP cluster exhibited
higher frequency on “HTU”, “HHT” and “HHHT” (as shown in Figure 20(a)). These patterns show
that relevance tuning was an essential action before accessing and inspecting recommendations
(clicking and checking the explanations). On the other hand, the participants who preferred the
SCATTER interface used “sequential voting” patterns more frequently, e.g., “VTU”, “VV”,“VTUV”,
“TUVV” and “VVT” It hints that the users who preferred the SCATTER interface had a larger need
to explicitly compare different recommendations before making their decision. While the SCATTER
interface offers a reasonable way to compare different recommendations using the scatter plot
view, the TUNER interface offers less support for direct comparison and encouraged users to open
multiple tabs.
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(a) the Dominant Pattern (b) the Voting Pattern
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Fig. 19. (TUNER) Highlighted task-solving micro-patterns between tasks. Figure (a) shows the hybrid patterns
of relevance slider re-tuning. Figure (b) shows the action of voting on the social recommendations.
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Fig. 20. (TUNER) Highlighted task-solving micro patterns between clusters. Figure (a) shows the relevance
tuning was an essential action, while Figure (b) shows the action of clicking on the ranked list.

9 CONCLUSION

In this paper, we presented experiments with three different social recommender interfaces: Ranked
List (RANK), Scatter Viz (SCATTER) and Relevance Tuner (TUNER). We first showed that providing a
scatter plot (SCATTER) can help the user to better fulfill the diversity-related tasks, as compared to a
simple ranked list (RANK). However, despite the benefits of the new two-dimensional presentation,
the users still extensively used the ranked list component of the interface.

Based on the results of the first study, we attempted to integrate the ability to coordinate multiple
aspects of relevance within the ranked list rather than offering it in a separate component as in
SCATTER. To compensate for the biasing nature of the ranked list, we also provided a controllable
fusion of relevance aspects. The resulting expanded ranked list interface (TUNER) offered both
controllability and visual encoding of multiple relevance aspects. We showed that the users could
adopt a rank-based list to fulfill diversity-oriented tasks with higher selection diversity. The usability
analysis revealed that both SCATTER and TUNER were ranked by the conference users with high
subjective ratings. However, TUNER required less learning effort. We also discussed the mediation
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effects of the proposed interfaces on the user experience. The analysis helps to describe the benefits
of the two proposed interfaces in social recommender systems.

One of our goals was to understand how users apply the recommender interfaces to diversity-
oriented tasks. We prepared tasks that encourage users to explore the conference attendees using
multiple aspects of relevance. We found that both of the proposed interfaces were capable of
helping the user to fulfill the assigned tasks. The experimental result supported the finding that
the participants were able to correlate multiple aspects of relevance using two dimensions of
visualization in SCATTER and the controllable ranked list with multi-aspect visualization in TUNER.
We found that an extension of a traditional ranked list with controllability and visualization was
better than a separate visualization component in the sense of on getting familiar with the new
interface (which led to a higher rating on the user preference). In contrast, a separate diversity-
enhanced visualization can also achieve the goal, but it came at the cost of a steeper learning curve.
However, once the users were familiar with the interface, it brought an advantage of helping the
users to perceive diversity and gain trust in the recommendations.

A sequential analysis of user actions provides a deeper understanding of the user interactions
with the two proposed interfaces. We extracted a set of frequently occurring “task-solving micro-
patterns” for an in-depth user behavior analysis. We saw significant differences on the micro-pattern
level between all tasks while also observing that tasks 2 & 3 were more similar to each other than
to task 1. We believe that prior experience might give an advantage to interfaces based on a ranked
list, as most users have been familiar with a ranked-list presentation through Web search and
other popular interfaces. A user might benefit from a range of additional features such as a two-
dimensional visual interface, controllability, and explainability; however, the mere availability of
these components does not mean that the user will adopt them to fulfill their information needs.
The learning effort should be considered while deploying the interface to real-world applications.
A lesson we have learned from this project is: the users leverage the diversity-enhanced interface
design only when they are prepared to use it (by their abilities or experience). A simpler approach
might be ultimately appreciated by a much larger number of users setting up a challenge to HCI
researchers to balance the functionality and usability in interfaces that are focused on enhancing
social recommendation diversity.

These findings shed light on designing diversity-enhanced and diversity-aware interfaces in a
social recommender system. A diversity-enhanced interface could offer extra help to users working
with a diversity-oriented task. For example, a conference attendee exploring social recommendations
within a particular conference might need to find a group of users satisfying specific diversity criteria.
However, users may not specifically think about diversity when interacting with a recommender
system. For example, when accessing a news article on social media, a user may not have an
intention to read news articles from a different perspective. In this case, we need a diversity-aware
interface to help the user to perceive the prospective diversity, which might help to solve the
filter-bubble effect [59]. In this paper, we find that the effects of usability and perceived diversity
are additive. The best user experience may happen when the users can take advantages of both
types of interfaces. It remains an open question as to how to design an interface to reflect the needs
of users better.

Finally, it could be observed that the core problem explored in this paper, i.e., diversity-promoting
interfaces for the multi-aspect recommendation, is more general that the context in which we
explored it, i.e., recommending people at academic conferences. Our diversity-promoting interfaces
can be implemented to recommend social media content, research paper, news, movies and other
kinds of items with multiple relevance aspects or similarity features. To avoid over-generalization
of our findings, this paper specifically focused on the problem of people recommendation supported
by our studies. In our future works, however, we plan to examine the generalizability of our
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proposed visual diversity-promoting interfaces and observe the user exploration patterns in different
exploratory search tasks.

10 LIMITATIONS AND FUTURE WORK

Our study has some limitations. First, the within-subject user study was conducted using consecutive
years of the same conference series. Some well-known and senior domain experts may appear in the
recommendation list for both conferences. This repetition may cause bias in our user studies. Second,
the data sparsity and cold-start problem may hurt the recommendation performance; for example,
the Interest feature is less useful for users who never bookmarked any talks or papers within the
Conference Navigator System (CN3). We tried our best to send out emails both before and during
the conference to improve interest-based recommendations. Third, the scale of reported user studies
is relatively small. It may decrease the statistical power of the findings. Fourth, the experiment
was conducted at mid-size conferences, so we were not able to explore scaling issues which might
occur at conferences with a much larger number of attendees or in a different recommendation
context with a large set of items to explore. We hope to address some of these limitations in our
future work.
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A QUESTIONNAIRE USED IN STUDIES
A.1 Post-Stage Questionnaire

Q1 | The interface helps me to explore various interesting people in the conference.
02 It is helpful to see people attributes like Title, Country, and Position when
exploring interesting people in the list.
Q3 | The interface helps me to perceive the diversity of explored attendees
Q4 | The interface helps me to improve my trust in the people recommendation result.
Q5 | The interface helps me to understand why specific attendees were recommended.
Q6 | Ilike the people recommendation result from the system.
Q7 | I became familiar with the system very quickly.
Q8 | Overall, I am satisfied with the system.
Q9 | I will frequently use the system at future conferences.
010 It was useful to see the explanation of scores produced by different
recommendation components.
Q11 | It is fun to use the system.
Q12 | The system has no real benefit for me.

Table 7. The questions of Post-Stage Questionnaire [8, 52].

A.2 Post-Experiment Questionnaire

Q1

Which recommendation interface did you prefer?

Q2

Which recommendation interface did you find more informative?

03

Which recommendation interface did you find more useful?

04

Which recommendation interface was better at helping you to perceive the diversity
of recommendations?

Q5

Which recommendation interface was better at helping you to explore the diversity
of recommendation through different features and categories?

Table 8. The questions of Post-Experiment Questionnaire [29].
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